Different wind models are being used for the operational safety evaluation of a high-speed train exposed to crosswinds. However, the methodology for simulating natural wind is of substantial importance in the wind-train system, and different simplified forms of natural wind result in different levels of accuracy. The purpose of the research in this paper is to investigate the effects of different wind models on the operational safety evaluation of high-speed trains. First, three wind models, namely, steady wind model, gust wind model, and turbulent wind model, are constructed. Following this, the algorithms for computing the aerodynamic loads using the wind models are described. A multi-body dynamic model of a vehicle is then set up using the commercial software "Simpack" for investigating the dynamic behavior of a railway vehicle exposed to wind loads. The rollover risks corresponding to each wind model are evaluated by applying the definition of characteristic wind curves (CWC). The results indicate that the CWC computed using the gust wind model is marginally higher than that computed using the turbulent wind model; the difference is less than 1%. With regard to the steady wind model, the assurance coefficient substantially affects the final CWC. A reasonable agreement of CWC between the steady wind model and turbulent wind model can be obtained by applying an "appropriate value" of the assurance coefficient. This study included a systematic analysis of the operational safety evaluation results using different wind models; the analysis can serve as a reference basis for different engineering accuracy requirements. 
Introduction
The aerodynamic loads of railway vehicles exposed to strong crosswinds can significant impact the operational safety of railway vehicles. This is because they can modify the operational stability of vehicles by increasing the risk of overturning, e.g., the recent accidents in China, Japan, Belgium, and Switzerland. The crosswind effects become particularly critical at high operating speeds [1] [2] [3] . Over the last 30 years, a large number of studies have been conducted in the railway industry to develop methodologies capable of evaluating the level of safety of a railway vehicle in terms of overturning risk.
The assessment of the crosswind stability of railway vehicles is divided into the determination of the aerodynamic coefficients and the vehicle dynamic characteristics. The most common methods for computing the aerodynamic loads are wind tunnel tests on reduced scale models [2, [4] [5] [6] and CFD tools [7] [8] [9] . Whereas wind tunnel tests yield highly reliable values of the measured forces, CFD tools reduces the cost of detailed studies of phenomena, such as the pressure field and velocity map of flow. The wind data and aerodynamic coefficients are then input into a model of the wind-vehicle system. Generally, a static approach, wherein aerodynamic forces at static equilibrium act on the vehicle, is used owing to its simplicity and the limited number of input data required [10] . However, this method is considered less precise with respect to other available methods such as a multibody dynamic approach in the time domain, which is capable of accounting for the nonlinear effects of the vehicle dynamics and wind-train interaction [11] . The final output of both the approaches is the characteristic wind curves (CWC), which is the set of characteristic wind speeds that the rolling stock can withstand before certain wheel unloading limit values are exceeded. These curves can then be used to calculate the risk of a windinduced accident on a particular route and to develop suitable remedial measures.
A suitable construction of the wind model is widely considered critical for effectively assessing the overturning risk of a railway vehicle exposed to crosswinds. The construction of the wind model has a number of levels of complexity, ranging from the simple assumption of a steady wind to a more complex gust of a specific form (such as the Chinese hat gust) and a complete stochastic wind simulation that produces turbulent fluctuations of the correct magnitude and scale. In most previous studies, the crosswind stability analysis of railway vehicles was based on the steady wind hypothesis, and a number of effective results have been obtained. Krajnović et al. [12] used large eddy simulation to study the flow around a simplified train model exposed to crosswind; an overshoot of approximately 30% observed in the yawing moment coefficients indicated the importance of performing dynamic tests for fulfilling safety standards. Giappino et al. [10] compared the crosswind behavior on a high speed train and that on a low speed train through two subsequent analyses: measurement of the aerodynamic coefficients through wind tunnel tests on scale models and evaluation of the rollover risks by applying the definition of CWC based on static equilibrium. The steady wind hypothesis is convenient for either of wind tunnel test or CFD simulation. Furthermore, natural winds were represented as a gust of a specific form. Carrarini [13] , Wetzel and Proppe [14] set up an artificial gust model, considered the most influential but uncertain parameters (gust factor, gust length, and aerodynamic coefficients) as stochastic variables, and proposed a reliability analysis method for the crosswind stability of railway vehicles. In EN 14067-6 [15] , the construction of a Chinese hat gust wind model and the corresponding assessment methods for the railway vehicle are described. However, simulations of a steady wind and an ideal gust are generally substantially simpler than real-world cases. When a moving vehicle is subjected to crosswind, the aerodynamic loads acting on the vehicle depend on the mean value of the relative wind-vehicle velocity as well as on the statistical properties of the wind [16] . Therefore, certain researchers proposed an alternative procedure, i.e., the turbulent wind model; it has spectral and correlation statistics similar to those of natural wind. The stochastic approach is used for studying realistic wind-train interactions; it can reproduce the interaction between the train dynamics and the aerodynamic loads based on statistical methodology [17] [18] [19] . However, to obtain the statistical characteristics of the CWC, a large number of samples are required; this results in substantial amount of calculation.
Based on the discussion above, all the three wind models have been used to evaluate the overturning risk of a railway vehicle and many effective results have been obtained. Each approach has its advantages and disadvantages. It is considered that the turbulent wind model enables an accurate reproduction of the real interaction between the vehicle dynamics and natural wind. Meanwhile, the stochastic approach is the most costly and time-consuming. The steady wind model is the simplest and most affordable; however, this approach does not effectively reveal the fluctuation characteristics of natural wind. Different simplified forms of natural wind results in different levels of accuracy of the operational evaluation results; furthermore, certain simplified approaches are likely to yield highly inaccurate results. Although certain researchers have described the accuracy of the wind models, the analysis and conclusion are generally approximate and qualitative. The differences in the operational safety evaluation results obtained using different wind models need to be quantified to determine the best trade-off between accuracy and amount of calculation. This requires a systematical analysis of the differences in the operational safety evaluation results of different wind models, including those with regard to the simplified form of natural wind, aerodynamic force, dynamic safety index, and CWC.
The purpose of the present study is to investigate the influence of different wind models on the crosswind stability evaluation of high-speed train. In Section 2, the construction of the steady wind model, gust wind model, and turbulent wind model are described in detail; the parameters in the wind model are also specified. In Section 3, the computational algorithms of the aerodynamic force and moment using different wind models are developed. In Section 4, a multi-body dynamic vehicle model with measured track irregularities is developed to compute the safety index of a high-speed train exposed to aerodynamic loads; the methodology of crosswind stability assessment is also presented in this section. The simulation results are discussed in Section 5.
Wind Model
In this section, we introduce the theory and specific parameters used to construct wind models. Both the velocity magnitude and wind direction of natural wind vary continuously. However, previous studies have drawn a conclusion that the operational safety of a high-speed train is the lowest when the wind flows approximately in the normal direction [20, 21] . Therefore, in this study, variations in the wind direction are not considered, and only the pure crosswind, i.e., wind perpendicular to the track, is considered.
Steady Wind Model
In most of the early research on crosswind stability, natural wind is assumed to be steady wind. Moreover, the wind speed in the steady wind model is assumed to be the peak value of natural wind; this is expressed as where ŵ is the peak wind speed, w is the mean wind speed, σ w is the standard deviation of natural wind speed, and k is the assurance coefficient. The different values of k correspond to the different assurance rates; an assurance rate is defined as the probability that the peak wind speed does not exceed w + kσ w . For example, in the case of a Gaussian distribution, k = 2 implies that the probability that the peak wind speed does not exceed w + 2σ w is 97.72%; when k = 2.84, the probability that the peak wind speed does not exceed w + 2.84σ w is 99.77%. The standard deviation of wind speed depends mainly on the mean wind speed and turbulence intensity; it is calculated by the following equation:
where I z is the turbulence intensity and can be computed by the following equation [14] :
where h is the height above the ground and h 0 is the ground roughness length. According to EN 14067-6 [15] , h = 4.0 m, h 0 = 0.07 m.
Gust Wind Model
Gust scenarios are utilized to model certain extreme wind conditions without the need to wait for the normal turbulent wind process to occur [14] . The most realistic wind simulation is a spatial and time-dependent wind field through which the train would pass. It is assumed that the train speed is constant; thus, the temporal distribution can be evaluated from the spatial one by transformation. An ideal gust is a simplified form of real unsteady wind, which involves a variation in the wind velocity defined by a simple, generally analytical function of time. In practice, different gust shapes are used; the most common are exponential gust shape, "1-cos" gust shape, ramp gust shape, and step gust shape. The exponential shape is the most advanced model available; this is because it is not empirical
and is obtained by analyzing real wind data. In EN 14067-6 [15] , a Chinese hat gust wind model, which is more or less an example of the exponential shape, is depicted specifically ( Figure 1 ). According to the frozen turbulence hypothesis, a gust does not evolve and is transported with the mean wind speed w ; w is assumed to be constant. A complete Chinese hat gust wind can be described by a form of piecewise function; the emphasis is on describing the fluctuating component of the gust wind. The gust factor G and gust duration T are two main characteristic parameters to describe the gust wind.
The gust factor G is defined as the ratio between the peak value ŵ and mean value w of the wind speed:
According to EN 14067-6 [15] , the gust factor G in the present study is 1.6946; the corresponding assurance coefficient k is 2.84.
The gust duration T describes the duration of the gust (see Figure 1 ). It can be calculated from the turbulence power spectral density of the natural wind speed, which is given by (EN 14067-6, 2010):
where n is the frequency, n 1 is the integrated lower limit of the frequency, n 2 is the integrated upper limit of the frequency, and S w (n) is the turbulence power spectral density of the natural wind speed. According to EN 14067-6 [15] , n 1 = 1/300, n 2 = 1. The von Karman spectral is used in this study; it is calculated from [22] (4) where L x u is the longitudinal integral length scale and can be computed by the following equation [15] :
The characteristic frequency of gust is denoted as f; its computational formula is
The wind speed normal to the vehicle along the track can be calculated from where x represents the distance along the track toward the position of the maximum amplitude of the gust wind; its computational formula is where t m represents the time corresponding to the maximum amplitude of the gust wind. As shown in Figure 1 , after t 3 , the increase follows the mirrored Chinese hat until t 4 . For practical implementation, the exponential decay is assumed to achieve the lower limit w after a maximum deviation of 1% is attained between those two values.
The wind gust time history is low-pass filtered using a moving spatial average based on a window size equal to the vehicle length and a step-size less than 0.5 m [15] . Owing to this filtering, the simulated peak wind speed of the gust wind is less than the assumed peak value ŵ.
Turbulent Wind Model
In a turbulent wind model, a spatial-time distribution of the wind speed is constructed; this enables the reproduction of the physical stochastic characteristics of natural winds. A complete stochastic simulation of the winds can be characterized in terms of a wind with the mean velocity and a fluctuating velocity. The instantaneous wind velocity can be expressed as follows:
where w ′ is the fluctuating wind speed. The fluctuating wind speed is a stochastic process with a normal distribution.
We assumed that the train moves at a constant velocity v toward the terminal on the straight rail line and that the turbulent wind velocity is horizontal and perpendicular to the track. Only the along-wind component, i.e., the longitudinal component, is considered in this study. This component represents the prominent part of wind fluctuations [15] . To account for the
aerodynamic effects of the turbulent wind, an unsteady crosswind field as experienced by the train needs to be generated. Two main approaches for turbulent wind generation have been developed over the past few years. One of the methods commonly used is to numerically simulate the wind time-histories at a large number of points, separated by short distances, along a track [17, 19] . The time series at each point exhibits the correct spectral characteristics; moreover, the correlations between the time series at adjacent points exhibit statistics that are consistent with those measured at full scale. Another method is to simulate a wind timeseries of a moving reference point coincident with the vehicle at a particular instant; this method is applied in this study. It is carried out by decomposing the wind spectrum relative to the moving train into a series of sinusoidal velocity variations of random phase and then combining these time series into unsteady velocity time series at the train's position [22, 23] . The Cooper theory defines the dimensionless power spectral density function for the wind speed at a moving point [22] :
where where nS w /σ 2 w is the dimensionless power spectral density, S w is the power spectral density, L y u is the lateral integral length scale, and ū is the mean wind velocity relative to the train ( ū = √ v 2 +w 2 ). The lateral integral length scale L y u can be computed by the following equation [15] :
The wind velocity time series w ′ at the position of the train are reproduced using the method of harmonic superposition [24] :
where t is the time, n j is the frequency step, and r j is a random number between zero and one. (12) (15) w ′ = j 2S w n j �n j 0.5 sin 2π n j t + 2π r j , Figure 2 shows a velocity diagram that relates the wind speed w, vehicle speed v, and the wind direction relative to the moving train β . β is named as "yaw angle" in this study. The wind speed relative to the train u is expressed as
The yaw angle β is expressed as
For the steady wind model, the wind speed w is assumed to be an invariant value ŵ ; it is computed by Eq. (1) . It is demonstrated that u and β are invariant if the vehicle speed stays constant. In that analysis, the steady aerodynamic forces and moments are commonly computed using aerodynamic coefficients as follows:
where F is the aerodynamic force, M is the aerodynamic moment, C F is the aerodynamic force coefficient, C M is the aerodynamic moment coefficient, ρ is the density of air, A is the reference area, and h is the reference height. In the following, A = 10 m 2 and h = 3 m is adopted [15] . For the Chinese hat gust wind model, both β and u are time-varying owing to the unsteady nature of the wind gusts. The wind speed w in Eqs. (16) and (17) is computed by Eq. (9) . According to the quasi-steady theory, in the condition of gust wind, the aerodynamic force and aerodynamic moment are evaluated by Eqs. (20) and (21), respectively:
The quasi-steady assumption mentioned above assumes that the fluctuations in the force induced on the train occur directly because of the turbulence in the (16) 
(17) tan β = w v .
approaching wind. Although the quasi-steady assumption is effective in numerous circumstances, it does not hold completely for the turbulent wind model. The force fluctuations do not completely follow the velocity fluctuations because the small-scale turbulence in the oncoming wind is not completely correlated over the entire exposed area of a train vehicle. An alternative approach is the corrected quasi-steady theory; herein, the quasisteady theory is applied and corrected with the admittance function [16] . According to the corrected quasi-steady theory, in a condition of turbulent wind, the aerodynamic force and aerodynamic moment are evaluated by Eqs. (22) and (23), respectively:
where u c is the corrected wind speed relative to the train and β c is the corrected yaw angle; these can be computed by Eqs. (24) and (25) where χ 2 is the aerodynamic admittance function.
Baker [23] assembled a significant amount of experimental data from a variety of full scale and wind tunnel tests on a variety of trains and provided a simple expression for the aerodynamic admittance function used on railway trains:
where n s is the dimensionless frequency; n ′ = sinβ , β is the mean yaw angle, = 2.0 for the side force coefficient, and = 2.5 for the lift force coefficient. The aerodynamic admittance function of the rolling moment is identical to that of the side force. For the yaw and pitch moments, the moment fluctuations are considered to be coincident with the velocity fluctuations [15] .
The aerodynamic coefficients, which depend on the yaw angle, can be determined experimentally or numerically. The side force coefficient C Fs , lift force coefficient C Fl , rolling moment coefficient C Mr , yaw moment coefficient C My , and pitch moment coefficient C Mp on the vehicle of a Chinese high-speed train are depicted in Figure 3 
Vehicle Dynamic Model

Multi-Body Dynamic Model
To evaluate the dynamic behavior of a vehicle subjected to crosswind action, complex dynamic methodologies are developed in the time domain. The aerodynamic loads are then input into the model of the wind-vehicle system to compute the vehicle dynamic characteristics. In EN14067-6 [15] , a simple three-mass model with no representation of vehicle suspension, and a more complex five-mass model with suspension stiffness are modelled based on static equilibrium. In this study, a method of further complexity, i.e., the time-dependent multi-body simulation (MBS) of a vehicle, is used to determine the vehicle dynamics or wind-train interaction.
A multi-body dynamic model of a Chinese high-speed driving trailer has been constructed using the highly sophisticated commercial software SIMPACK. It consists of 15 rigid bodies (car-body, bogies, wheelsets, tumblers etc.), an accurate description of the wheel/rail contacts, a nonlinear spring and damper forces, and bump stops. The 15 rigid bodies are connected with springs and dashpots, forming a vehicle subsystem of 50 degrees-of-freedoms [26] . The nonlinear dynamic characteristics of the suspension systems, such as the damping of the yaw damper, damping of the primary vertical damper and lateral bump stop force, are shown in Figure 4 . The wheel-rail interaction and rail irregularities are significant components of the vehicle dynamic model. The LMA wheel and T60 Rail [27] are adopted in the multi-body simulation. The measured track spectrum of the Beijing-Tianjin intercity high-speed railway in China is adopted as the rail irregularity in the simulation.
After the vehicle dynamic model is set up, the aerodynamic loads (discussed in Section 3) are applied at the aerodynamic reference point on the car-body to compute the safety index. Although this approach has not been verified for the vehicles, it is a reasonable approximation recommended by a number of previous investigations [2, 13] .
Operational Safety Evaluation
The final aim of the wind stability analysis is to evaluate the operational safety of the high-speed train. In this regard, the load reduction factor is considered to be an important safety index. This index is considered inefficient and over-conservative. Nonetheless, it is still widely used owing to its simplicity and the fact that wheel forces can be experimentally measured on real driving vehicles [13, 15, 21, 26] . It is defined as where P is the wheel load reduction amount and P is the average wheel load of the left wheel and right wheel. The time history of this index is to be filtered through a 2 Hz low-pass filter.
The final output of the operational safety evaluation of the high-speed train is the CWC, which is defined as the wind-speed limit beyond which the vehicle's safety limits (e.g., the load reduction factor) are exceeded. For the steady wind model and gust wind model, the CWC could be uniquely determined according to the specified input parameters. However, for the turbulent wind model, as the wind is a random process, when the stochastic methodology is used for evaluation, different time histories of wind velocities satisfying identical statistical properties (such as the mean wind speed and turbulence intensity) are generated; this results in different time histories of the aerodynamic loads and load reduction factor for identical wind scenarios. As a result, a series of CWCs will be generated for identical wind scenarios. Therefore, it is necessary to understand the statistical properties of CWC. Through the statistical analysis, the mean value and standard deviation of the CWC can be obtained; then, the spread range S of the CWC is defined as [15] where µ CWC is the mean value of CWC and σ CWC is the standard deviation of CWC. For the Gaussian (29) �P/P < 0.8,
distribution, 2σ CWC corresponds to 95.45%; i.e., the probability that the CWC lies in the spread range S is 95.45%.
Numerical Simulation Analysis
Wind and Force Characteristics
In the simulation, the train speeds are 200 km/h, 250 km/h, 300 km/h, and 350 km/h; furthermore, the mean wind speeds are 10 m/s, 15 m/s, 20 m/s, 25 m/s, 30 m/s, and 35 m/s. For the simulation of gust wind, the gust factor is 1.6946, the height above the ground is 4.0 m, and the ground roughness length is 0.07 m. For the simulation of turbulent wind, the simulated frequency range is [0.001 Hz, 10 Hz], the frequency step is 0.001 Hz, and the total superposition number is 10000. The wind speeds are generated every 0.05 s, and 10 min realizations of the time series are processed. Given the wind time histories, the method presented in Section 3 is used to simulate the aerodynamic forces and moments of high-speed trains. The aerodynamic forces and moments are then input into the multi-body dynamic model established in Section 4, to simulate the dynamic behavior of the train. Finally, the outputs are processed to evaluate the safety index and then to assess the operational safety.
To verify the accuracy of the wind simulation, the current spectrum obtained from the simulated wind time series are compared to the target spectrum. Figure 5 shows the comparison of the fluctuating wind spectrum for a vehicle speed of 350 km/h and a mean wind speed of 20 m/s. The results reasonably agree with the target spectrum across a significant portion of the frequency domain. Figure 6 shows an example of simulated gust wind time-history for a vehicle speed of 350 km/h and a mean wind speed of 20 m/s. For comparative analysis, the steady winds with assurance coefficients of 2 and 2.84 for a mean wind speed of 20 m/s are also marked in Figure 6 . From Eq. (1), the assurance coefficients of 2 and 2.84 correspond to peak wind speeds of 29.78 m/s and 33.89 m/s, respectively. As is illustrated in Figure 6 , because of the low-pass filtering, a maximum gust wind speed of 31.32 m/s is observed; this is smaller than the unfiltered peak value of 33.89 m/s computed by Eq. (4). From the perspective of maximum wind speeds, the assurance coefficients of 2 and 2.84 in the steady wind model are not consistent with those of the gust wind model. Figure 7 shows an example of a simulation of turbulent wind time-history, for a vehicle speed of 350 km/h and a mean wind speed of 20 m/s. The two horizontal lines in Figure 7 convey a concept similar to that in Figure 6 . During the 600 s, a few of the random values of the wind speed exceed 29.78 m/s (corresponds to the assurance coefficient of 2); furthermore, the probability that the maximum wind speed does not exceed 29.78 m/s, calculated by statistics analysis, is 97.98%; this is approximately equal to the theoretical value (97.72%) mentioned in Section 2.1. Similarly, the probability that the maximum wind speed does not exceed 33.89 m/s (corresponds to the assurance coefficient of 2.84), calculated by statistics analysis, is 99.68%; this is approximately equal to the theoretical value (99.77%) mentioned in Section 2.1. Figure 8 shows the comparison of the turbulent wind time-history and gust wind time-history. The result in Figure 8 indicates that the variation in the gust wind could effectively reflect the fluctuating characteristics of the turbulent wind. The gust wind model approximates a random process in the vicinity of the local maximum and gust duration (the mode of the distribution). Figure 9 shows a plot of the simulated aerodynamic side force computed by the gust wind model for a vehicle speed of 350 km/h and a mean wind speed of 20 m/s. For comparative analysis, the aerodynamic side forces computed by the steady wind model with assurance coefficients of 2 and 2.84 for a mean wind speed of 20 m/s are also marked in Figure 9 . As is illustrated in Figure 9 , Figure 10 convey a concept identical to that in Figure 9 . Figure 10 shows that the simulated unsteady side forces computed by the turbulent wind model are significantly smaller than 132.06 kN; furthermore, the probability of the unsteady side forces larger than 111.23 kN is also highly marginal. Owing to the influence of the aerodynamic admittance function, the force calculation effectively yields a weighted average of the force from the previous time. Thus, the simulated force damps out the high frequency fluctuations in the turbulent wind. Moreover, as the turbulent wind is a stochastic process with a normal distribution, the unsteady aerodynamic loads of the highspeed train are also approximately normally distributed [21, 25] . Figure 11 shows the comparison of the aerodynamic side force computed by the turbulent wind model and gust wind model for a vehicle speed of 350 km/h and a mean wind speed of 20 m/s. Figure 11 shows that the maximum aerodynamic side force computed by the gust wind (118.83 kN) is approximately equal to that computed by the turbulent wind (119.65 kN).
CWC Evaluation
For the steady wind model and gust wind model, the load reduction factor could be uniquely determined according to the input conditions. However, for the turbulent wind model, as the wind is a random process, different time histories of the load reduction factor will be obtained for identical wind scenarios. Therefore, the statistical characteristics of the load reduction factor should be discussed. Figure 12 shows, as an example, a typical time history of the load reduction factor and its probability distribution computed by the turbulent wind model for a vehicle speed of 350 km/h and a mean wind speed of 20 m/s. As is presented in Figure 12 , the load reduction factor computed by the turbulent wind model exhibits stochastic characteristics and can be effectively fitted with a normal distribution. Through the statistical analysis, the mean value and standard deviation of the load reduction factor can be obtained.
The maximum value of the load reduction factor is used to evaluate the wind stability of the high-speed train. Thus, the extreme value distribution of the load reduction factor is discussed below. The permissible value of the load reduction factor specified in Chinese design guideline is 0.8, as mentioned in Eq. (29). As illustrated in Figure 12 , the load reduction factor is approximately normally distributed. To facilitate explanation, the load reduction factor is represented as X(t) , which is normally distributed. Assume that the maximum value of X(t) is X max for the continuous time T; its mean value and standard deviation are expressed by Eqs. (31) and (32) respectively [28] :
where µ X max is the mean value of X max , σ X max is the standard deviation of X max , γ is the Euler constant ( γ = 0.5772 ), µ X is the mean value of X(t) , and σ X is the standard deviation of X(t) . ν can be computed by the following equations:
where S Y is the power spectral density of Y(t). Figure 13 shows an example of a simulated maximum value of the load reduction factor as a function of the mean (31)
wind speed, using different wind models, for a vehicle speed of 350 km/h. The horizontal dotted line in Figure 13 represents the limit value of the load reduction factor. The intersection of the dotted line with the curves represents the maximum mean wind speed the train could be exposed to without derailment. However, for the turbulent wind model, a series of curves of the load reduction factor, all corresponding to the same wind scenario and same vehicle speed, are obtained owing to its stochastic nature. Therefore, for the turbulent wind model, the data provided in Figure 13 are the mean values of the maximum values of the load reduction factor; the standard deviation is shown in Figure 14 . As shown in Figures 13 and 14 , if the assurance coefficient is 2, the load reduction factor computed by steady wind model is approximately equal to that computed by gust wind model. However, if the assurance coefficient is 2.84, the load reduction factor is significantly larger than that computed by gust wind model. With regard to the turbulent wind model, because of the effects of the stochastic characteristics, it is challenging to conclude whether the results are larger or smaller than those computed by the other two models. The final CWCs evaluated by means of the different wind models are shown in Figure 15 . For the turbulent wind model, the mean value, upper bound, and lower bound of the spread range S of the CWC are provided. Figure 15 shows that for the turbulent wind model, the upper bound of the spread range S of the CWC is apparently overestimated. The lower bound of the spread range S of the CWC (μ CWC − 2σ CWC ) is considered to be more appropriate for evaluating the operational safety of the high-speed train. Because the probability of the CWC in the spread range S is 95.45% in the case of a Gaussian distribution, the probability of the CWC less than the lower bound of the spread range S is 2.28%. Figure 15 also shows that the CWC computed by gust wind model is marginally higher than that computed by the turbulent wind model; furthermore, the difference is less than 1%. However, the gust wind model can provide only a simple fixed CWC and cannot evaluate the risk of train derailment. The turbulent wind model can provide a more comprehensive evaluation and can effectively evaluate the risk of train derailment. In the case of a rapid preliminary evaluation, the gust wind model can be used. However, for a more comprehensive evaluation, the turbulent wind model is required. With regard to the steady wind model, the CWC is underestimated for an assurance coefficient of 2.84 and overestimated for an assurance coefficient of 2, compared to that computed by the turbulent wind model. Therefore, the assurance coefficient is observed to significantly affect the final CWC for the steady wind model. Figure 16 shows the CWCs evaluated by the steady wind model for a variety of assurance coefficients, together with the result evaluated by the turbulent wind model (lower bound of S) for comparison. Figure 16 shows that the CWC computed with steady wind and assurance coefficient of 2.1 is approximately equal to that computed by the turbulent wind model; the difference is less than 2% for the train speeds of 200-350 km/h. These results imply that a relatively accurate assessment result could be obtained if an appropriate value of the assurance coefficient is specified. However, it should be noted that the "appropriate value" of the assurance coefficient could be more or less different for multiple types of vehicles.
Conclusions
The topic of the wind stability of high-speed trains has gained substantial attention in the last few years, and the accurate simulation of natural winds is a key issue in the assessment of wind-induced safety. There are three widely used wind models, ranging from the simplest stationary wind to a more complex gust wind and the most realistic turbulent wind. However, the different levels of complexity of the wind models are likely to result in different levels of accuracy of the evaluation results. The crosswind stability evaluation of a high-speed train by using different wind models has been investigated in this study. Wind velocity time histories, aerodynamic quantities (aerodynamic force time histories), and dynamic quantities (load reduction factor, CWC) for the same mean wind speed are simulated for comparing the three wind models. The results demonstrate that although the simulated time histories of the aerodynamic force computed by the gust wind model and turbulent wind model appear to vary significantly, the load reduction factor and the CWCs obtained from the gust wind model are 
